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Abstract

Language models are becoming increasingly central to artificial intelligence
through their use in online search, recommendation engines and language genera-
tion technologies. However, concepts of gender can be deeply embedded in textual
datasets that are used to train language models, which can have a profound influence
on societal conceptions of gender. There is therefore an urgent need for scalable
methods to enable the evaluation of how gender is represented in large-scale text
datasets and language models. We propose a framework founded in feminist theory
and feminist linguistics for the assessment of gender ideology embedded in textual
datasets and language models, and propose strategies to mitigate bias.

1 Introduction

Language models that underlie many artificial intelligence (AI) systems are commonly trained on
text from sources such as Google Books [11] or the Common Crawl1. These datasets incorporate
a variety of social biases, among them gender bias, and when used as training data, can result in
discriminatory AI systems [18, 8]. Gender bias is expressed in language in various forms, for instance
in the use of stereotypical or sexist language or imbalances in the distribution of mentions of people of
different genders. Gender bias in text can be amplified by language-based AI systems and thus cause
representational and allocational harms to women and non-binary people [2]. As a response, calls for
better data evaluation and curation, as opposed to fixing trained systems, have increased. However,
due to the sheer size of datasets that are used to train language models like BERT [5] or GPT-2 [16],
as well as a lack of reliable and efficient methods of measuring gender bias in the training data
directly, data evaluation remains a challenge. In this paper, we therefore present practical strategies
for the analysis of gender in large-scale English text corpora informed by feminist linguistics. Our
methods are scalable to large corpora and provide opportunities for feminist data curation.

2 Feminist linguistics and gender bias in NLP

While research on gender bias is relatively nascent within the Natural Language Processing (NLP)
community [3, 20], in the field of feminist linguistics, gender bias in language has been continuously
researched for almost 50 years [9]. As a result, gender-inclusive language strategies have been
developed in order to counter male-centric and sexist language [6, 14]. However, as Leavy et al.
[10] and Rogers [17] observe, findings from feminist linguistics have not yet informed gender bias
mitigation efforts in mainstream NLP. Especially in light of recent calls for data-centric bias mitigation
[17, 1], feminist linguistics can provide deeper insights into the representation of gender in these
data and curate high-quality, gender-inclusive datasets. Previous data-centric approaches, such as
Counterfactual Data Augmentation (CDA) [12, 13], have already proven useful for mitigating gender
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stereotypes. Still, CDA is dependent on manually curated lists of words that largely only support
binary gender, which can prove exclusionary to trans and non-binary people [7].

3 Practical strategies for automatic data evaluation and curation

We first propose two working examples of assessing representations of gender in English data, which
are indicative of how biases in trained models are informed. Subsequently, we outline how these
strategies can be used for data-centric mitigation of gender bias.

Lexical gender of words Exploring the distribution of words that have lexical gender (such as
girlfriend or policeman) can provide insights into whether masculine or feminine gender expressions
predominate in a corpus. However, in English, lexical gender information is not always deducible
from morphological features, such as the suffix -man in policeman. Rather, it is ‘hidden’, such as in
the word wife, whose feminine lexical gender is not expressed morphologically. In order to deduce
lexical gender for any given word without resorting to a lookup table, such as used in CDA [12], we
propose to query the dictionary definitions of words for gender information. When implementing this
strategy, a possible challenge would be to match the sense of the target word with the correct sense in
the dictionary definition. Moreover, finding gender-neutral replacements for gendered words, such
as police officer instead of policeman [6], can help to assess gender-inclusive language strategies
in a text and thus whether its authors support a binary conceptualization of gender. However, since
gender-neutral alternatives are not necessarily included in dictionary definitions of words with lexical
gender, finding gender-neutral variants remains a look-up problem for now.

Epicene coreference While the previous strategy targets individual words, our second strategy
aims at syntactic constructions, specifically pronoun coreference. If the gender of an antecedent is
unknown, the gender of the referencing pronoun (epicene pronoun) can provide insights into whether
gender stereotypes are at play (e.g. referencing a nurse of unknown gender by the pronoun she),
whether a corpus follows a male-as-norm viewpoint (e.g. using epicene he), or whether gender-
inclusive language is used (e.g. epicene they). We propose to use a coreference resolution algorithm to
detect coreference clusters, analyze the alignment of antecedent and pronoun gender, and thus deduce
whether gender-inclusive or gender-biased language strategies are used. Challenges for this approach
are the dependence on accurate coreference resolution as well as antecedent gender detection, for
which the previous strategy of dictionary-based detection could be applied.

Data-centric gender bias mitigation Once an overview on the representation of gender has been
obtained, we can then specifically target male-as-norm language (e.g. policeman, epicene he), replace
it with more inclusive forms (e.g. police officer, epicene they), and, after training AI models on these
more gender-inclusive texts, measure the impact of gender-based data curation on gender bias. Since
there exists a positive cognitive effect of using inclusive vs. sexist language [15, 19, 4], this effect
could also be absorbed by AI systems trained on gender-inclusive text. Another auxiliary advantage
of gender-inclusive training data is that systems learn to incorporate gender-inclusive phrasing, i.e.
language that does not assume gender or the gender binary from the start, which can be especially
useful in text generation systems. On the other hand, neutralization strategies for gendered words and
coreference clusters might not be enough to prevent e.g. contextualized word representations to carry
latent gender information, since inferences within language models like BERT [5] or GPT-2 [16] are
drawn from word co-occurrences within billions of tokens of text.

4 Conclusion

Feminist linguistics can provide the necessary theoretical and practical background to facilitate the
shift from model-centric to data-centric bias mitigation in NLP. On one hand, gendered language
detection can be useful to assess data quality in terms of prevalence for a certain gender and
gender-inclusiveness. On the other hand, automatically curating a corpus based on principles of
gender-inclusive language could mitigate gender stereotypes for trained models on these data and
provide better representation of people with non-binary gender identities. Thus, feminist linguistic
interventions present interesting avenues for future research in text-based AI systems. We believe
that it is time to integrate 50 years of research on sexism in language into the computational models
of today.
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